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Abstract. We perform an analysis of the way individual users navigate
in the Web. We focus primarily in the temporal patterns of they return to
a given page. The return probability as a function of time as well as the
distribution of time intervals between consecutive visits are measured and
found to be independent of the level of activity of single users. The results
indicate a rich variety of individual behaviors and seem to preclude the
possibility of defining a characteristic frequency for each user in his/her
visits to a single site.
1 Introduction
The introduction of PageRank by L. Page and S. Brin in 1999 and subsequent
development of the Google search engine, marked a turning point in the history
of the Internet [1]. For the first time a model of the way people interact with
and navigate through Web pages was successfully applied to rank the content of
the WWW. PageRank models web surfers as random walkers that blindly click
through links without any memory of where they have been or where they intend
to go. Despite the overwhelming success that resulted in one of the worlds fastest
growing companies, it is clear that real users don’t behave in the way prescribed
by this simple set of rules. Several other models have been proposed over the
years [2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16] but there has been a
lack of data with which to test the merits or faults of each one. We analyze
Web access log information from Emory University’s server to provide a more
accurate characterization of real world online behavior and how it evolves over
time. Our final propose is twofold: on one hand, characterizing the navigation
of users entering the domain and, on the other hand, studying the information
that the logs contain about individuals’ activity patterns. In the present work,
we will focus mostly on the second question. Recently, there has been a surge of
interest in the exploration of human dynamics through the daily interaction with
a number of electronic devices [5, 17, 18, 19, 20, 21, 22, 23, 24, 25]. From mobile
phones to social network sites; all provide abundant data on whom contacts
whom and when it occurs. In a similar spirit but with a different perspective,
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we intend to study how users interact with Web pages. And more specifically,
which are, if any, the rules that govern their return in time to the same site.
Our database is composed by the detailed logs generated by the software re-
sponsible for serving the content of Emory domain and respective sub domains
during the period between Apr. 1, 2005 and Jan. 17, 2006. Due to privacy con-
cerns, we have had access only to an anonymized version of these data. The
sanitized version allows us to identify each user by an unique ID number, which
is not traceable to the original IP. This ID number permits an accurate un-
derstanding of the behavior that each user displays in the online world, and the
way accesses occur and evolve over time within the resolution of one second. One
can think of this data set as a bipartite graph evolving in time. There are two
types of ”nodes”: on one side, users, who connect to the other type representing
URLs. Each link corresponds to a different request, that is timestamped with
the date and time at which it occurred. During our observation period, the web
site received over 3 million visitors to about 2.5 million pages for a grand total
of over 53 million requests.
2 Number of visits
A Web domain with the size and variety of Emory’s one inevitably attracts a
fair amount of traffic. An important part of this attention, 32% of the total
requests, are single time events. Many users as identified by their unique ID’s
never come back to the same Web page (URL) during the full period of our do-
main observation. This does not imply that they cannot return to other URLs.
There can be different reasons for this behavior, among which the erratic Web
exploration through search engines are likely to play a role. If one focus on the
returning visitors alone, the statistics of the number of requests of a single user
to an unique URL is quite broad. The histogram of the number of recurrent
visits, P (ω), is displayed in Figure 1. The curve of P (ω) cannot be identified
as a simple power-law (see the discussion in Ref. [17]) but is definitively long-
tailed. Such broadness exposes a large variety in the users’ behaviors. Variety
that is not only constrained to the number of returning visits but also to their
time location. In Figure 1b, the activity of a single user is shown. This user
has been randomly selected among those visiting an administrative site that re-
quires manual insertion of data, which ensures us that he or she is unequivocally
human. The number of visits per unit of time shows drastic bursts followed by
long periods of almost no activity. A similar bursty dynamics in time has been
documented in mail and email answers and motivated the proposal of a model
based on priority queuing [26, 27, 28, 29, 30]. We studied the application of this
model to Web navigation in a previous work [17]. Next we will show extra details
on the applicability of the model as well as new results regarding single user Web
navigation.
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Fig. 1. In a), the histogram of the number of recurrent visits of a user to a single site.
In b), activity profile of a single human user.
3 Time interval between consecutive visits
One most important question regarding single user behavior in our database is
whether it is possible to distinguish automatic processes from genuine humans.
The requests to a Web page can in fact be originated by a wide range of elements.
Some that we were able to identify comprehend benign updating programs for
software, malware, automatic hacker attacks and, finally, real human users. Most
automatic processes are characterized by a very regular dynamics presenting a
clear frequency, which makes them easy to detect and do not affect the return-
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Fig. 2. Average inter-visit time of a single user to a single site 〈τω〉 multiplied by
ω as a function of the number of visits. A flat line (as the red curve) is expected for
”standard” users, the change of trend after w ∼ 103 indicates very different malicious
activity.
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time statistics. Intentional attacks however do not follow such predictable ways.
Still, we are able to identify them by two characteristics: the huge amount of
traffic they generate and its concentration in short periods of time. Plotting the
average time between consecutive visits by a user to a page as function of the
number of times he or she returns to that particular page as in Fig 2, a change
of trend delates the presence of this type of malicious automatic processes. In
the following, we will use these two identification techniques to filter out the
contribution of automatic processes from the statistical study.
In Ref. [17] we measured the time interval between two consecutive requests
to a given web page by the same user. When measured over all the IP-URL pairs,
it is clear that these intervals obey a power-law distribution with exponent −1
over about 5 orders of magnitude in time. This value of the exponent has impor-
tant practical consequences. It implies that there is no statistically well defined
average and that arbitrarily large fluctuations are possible, thus precluding the
definition of a “normal” users. At first, this result strikes us as strange. After
all, human beings are creatures of habit and many other studies in the social
sciences have been able to define what “normal” behavior is in several situations.
What makes web browsing different? Perhaps this peculiar exponent is simply
an artifact of taking the average over several distinct classes of individuals. In
Fig. 3 we plot this same distribution P (τ) but restricted to only a subset of
the users. The first three curves are averaged only over users with less than 10,
100 and 1000 requests, respectively, over the course of the data sampling period.
In all the cases the curve is identical to within small fluctuations and consis-
tent with the previous τ−1 result. This implies that the users cannot be simply
classified by their activity level and that, as we also showed in [31, 32], highly
chaotic temporal patterns in the return times are an intrinsic characteristic of
individual human users.
4 Return probability
As mentioned above, about 68% of requests made by all users are a consequence
of a user returning to a page he or she has already visualized in the past. In-
tuitively, we would expect that the return probability R(τ) should vary over
time. A hypothetical user will be less likely to revisit a page that has not seen
for 2 years, than one that has visited it last week. If for no other reason than
a simple loss of interests in the content, or even for having forgotten about a
given resource even if it interested him. The way that this probability changes
over time is, however, far from clear. To probe it, we have plot in Fig. 4 R(τ)
as a function of the time τ after the user’s first detected visit to a page. We can
identify three different regimes corresponding to the three time scales: minutes,
hours and days/months. In the first 10 minutes, users pressing the refresh or back
button to reload the page are responsible to about 27% of all the returns. The
return probability then quickly decreases until about 16 hours after the initial
visit, accounting for roughly 33% of the total visits. This 16h period is consis-
tent with students or staff returning to a page to finish some task started earlier
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Fig. 3. Distribution of times between consecutive visits to a Web page by the same
user thresholding the users by their level of activity.
in the day. The remaining 66% of returns can then be accounted for by people
returning to the page to check for updated information. This regime is clearly
different from the previous one, following a very slowly decreasing function that
points to a much slower waning of interest at larger time scales.
As before for the users, we have extended our analysis to different groups
of Web sites. In this case the discrimination is done by the popularity of the
page, how many visits it accumulates during the whole period under study. As
can be seen in Figure. 4b, the increase of the threshold in the number of visits
does not perturb overall the functional shape of R(τ). It contributes however
to a more nitid signal in the periods of time corresponding to entire days and
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Fig. 4. Probability that a user will return to a page after time τ . The curves on the
right have the sites filtered by the number of visits they accumulated in our database,
a measure of their popularity level.
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a slightly longer decay of the tail. That is, the form of R(τ) as an estimator
of how people loose interest on a site seems to be quite robust and relatively
universal. More popular sites, as the home page of the university, show still a
more marked influence from the returns produced within the usual circadian
rhythms of human activity such as days and weeks.
5 Discussion
We have presented a detailed analysis of the user navigation patterns in the
domain of a medium size American university. Our aim is to characterize better
the propensity of users to revisit the same Web page and the distribution of
times between such events. In order to do so, we estimated two functions: the
probability of finding an inter-visit time of length τ , P (τ), and the probability
for a user of returning to the same site after a time τ of the first visit, R(τ).
Both functions follow a very slow decrease with their respective time variables.
P (τ) can be approximated by a power-law with exponent close to −1, while
R(τ) does not display such a simple functional form being possible to recognize
in it the different temporal scales. Our main finding is the robustness of both
functions when the users or the Web sites considered for the analysis are filtered
out accordingly to their activity or popularity. This fact points out to a possible
universal behavior incarnated by their functional forms, and that would be an
intrinsic characteristic of the relation between users and sites. More work, that is
in progress, is needed to clarify how much this behavior extends to other different
empirical systems out of work/academic environments.
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